Similar to charitable giving in real world, donation behaviors play an important role in the complex interactions among individuals in virtual worlds. However, it is not clear if the donation process is random or not. We investigate this problem using detailed data from parallel virtual worlds adhered to a massively multiplayer online role-playing game. We find that the inter-donation durations follow power-law-tailed distributions distributed with an average tail exponent close to 1.91, have strong long-range correlations, and possess multifractal features. These findings indicate that the donation process is non-Poissonian, which has potential worth in modeling the complicated individuals behaviors in virtual worlds.
I. INTRODUCTION
120 days in each server, in which the time span varies with the loss proportion of characters and time stamps are accurate to 1 second. Nevertheless, we mainly focus on item logs in this study. A donation action is written to the log file when individuals give items to or receive from others without exchanging any money or items. Therefore, the donation actions in a log file are arranged according to an increasing order of donation moments. Each donation contains at least three pieces of information: the donor ID, the donee ID, and the corresponding donation time. For each individual in MMORPG, we collect all the associated donations. During this period, on average, there were more than 100000 characters who logged on the game for each server and the majority of them had made donation. For security sake, the true characters IDs have been encrypted into numbers from 1 to ordinal number of the last ID for each virtual world.
We obtain the entire donation number N for each virtual world, which is listed in Table I . We find that the donation number N fluctuates within a wide range, from 516067 to 3349221. Meanwhile, we have removed the abnormal donations (e.g. when the servers were scheduled for maintaining or during game version updating) of the 98 virtual worlds in order to ensure statistical significance. In addition, Fig. 1 presents the daily evolution of donation actions in four different virtual worlds, which exhibits the similar shape with the evolution of the number of active characters [9, 10] . With the development of a virtual world, the number of daily donations N Daily increases and reaches a maximum around the 10th day and then decays. Especially, there exists another evident local hump around the 30th day, which is mainly caused by some new marketing actions organized by the online game operators. Additionally, We find that curves of the rest daily donation series of the 98 virtual worlds almost share the same shapes as in Fig. 1 except for some special dates.
In the paper, the inter-donation duration is defined as the interval between two consecutive donations in units of second, which reads
where t d i is the time when i-th donation takes place. Although the time resolution of our data is as precise as 1 second, on average, there are still more than 55% donations stamped with the same time which are presented in Table I using ρ, indicating that the inter-donation duration is vanishing between the two corresponding donations. For convenience, we treat the donations occurring at the same time as one donation at that time. Therefore, vanishing durations are excluded. For all the 98 virtual worlds, we calculate the average values τ of inter-donation duration series which vary from 12.85 seconds to 50.92 seconds, and depict the results in Table I .
III. PROBABILITY DISTRIBUTIONS OF INTER-DONATION DURATIONS
The probability distribution of a random variable is of essential importance since it can fully determine the moments of the variable and may has a direct relationship to the memory effects and multifractality of the time series [36, 85] . In this section, we focus on investigating the probability distributions of inter-donation durations τ of all the 98 virtual worlds.
The associated empirical probability distributions p(τ ) of six randomly chosen virtual worlds are presented in Fig. 2(A) , which exhibit a clear scaling decay. In addition, we rescale the inter-donation duration τ to τ / τ and the probability distributions p(τ ) to p(τ ) τ . The rescaled probability distributions of inter-donation durations for the same six virtual worlds are presented in Fig. 2(B) , which almost collapse together and show a perfect scaling behavior at tails. Consequently, we conjecture that these distributions have power-law tails:
where β is the power-law exponent and τ min is the lower threshold of the scaling range of the power-law decay. In order to capture the tail behavior of the distribution, we need to conduct an objective analysis. Based on maximum likelihood estimation method (MLE) and the Kolmogorov-Smirnov statistic (KS), Clauset et al. proposed an efficient quantitative method to test if the tail has a power-law form and, if so, to estimate the power-law exponent β for the data greater than or equal to a lower bound τ min [86] . Because the values of τ are positive integers, we only focus on the discrete case of this method. The KS statistic is defined as
where P is the cumulative distribution of inter-donation durations τ and F PL is the cumulative distribution of the best power-law fit. The threshold τ min is determined by minimizing the KS statistic. Then the power-law exponent β of the data in the range τ ≥ τ min can be estimated using the MLE, that is,
where m is the number of the data points in the range τ > τ min . The standard error σ β on the power-law exponent β is derived from a quadratic approximation to the log-likelihood at its maximum, which reads
and ζ is the generalized or Hurwitz zeta function. Following Clauset et al. [86] , we conduct the bootstrap test to check whether the power-law tail is a plausible fit to the inter-donation durations τ . In doing so, we generate 2500 realizations of synthetic data for each distribution, for which we wish the p-value to be accurate to about 2 decimal digits [86] . For each realization, we fit synthetic data set individually to its own power-law model and calculate the statistic KS sim for each realization relative to its own model, which is as follows:
where P sim is the cumulative distribution of the synthetic realization. We thus obtain the p-value:
where the numerator is the number of realizations with KS sim > KS. The meaning of this test is that the investigated inter-donation durations have the power-law tails with a probability of p. characteristic parameters τ min , β and σ β are presented in Table II 
IV. LONG-RANGE CORRELATION
In this section, we adopt the DMA and DFA methods to investigate if there are long-range corrections in interdonation duration time series. As mentioned, DMA and DFA are among the most effective and the most extensively used methods [66] . The procedures of the DMA and DFA methods are briefly described below, which share the same framework [36, 68] .
For a given inter-donation duration series {τ i |i = 1, 2, ..., N }, we calculate the cumulative summation series y i as follows,
where τ is the sample mean of the τ i series. The series y i is covered by N s disjoint boxes with the same size s. When the whole series y i cannot be completely covered by N s boxes, we can utilize 2N s boxes to cover the series from both ends of the series. In each box, a trend functionỹ i of the sub-series is determined. The residuals are calculated by
The main difference between the DFA and DMA algorithms is the determination of the "local trend function" y i , which is dependent of the box size s. The local trend y i could be polynomials, which recovers the DFA method [53] . In the DMA approach, one calculates the moving average function y i in a moving window [87] ,
where θ is the position parameter with the value varying in the range [0, 1]. Specially, the cases θ = 0, θ = 0.5 and θ = 1 respectively correspond to the backward detrending moving average (BDMA) method, the centred detrending 
The overall fluctuation function is calculated as follows:
For most time series with fractal nature, one has:
where H can be roughly viewed as the Hurst exponent (To be precise, H signifies the DFA or DMA scaling exponent). Hence, if H is significantly greater than 0.5, the inter-donation duration series τ is positively correlated. If H is insignificantly different from 0.5, the duration series τ is uncorrelated. If H is significantly smaller than 0.5, the duration series τ is negatively correlated. When H is compared with 0.5, statistical tests are necessary [88] . Fig. 3 , it's worth noting that the power-law scaling detected by CDMA and DFA shows slightly worse performance comparing with BDMA and FDMA, which has minor influence on detecting long-range correlations of τ (Table III) . The DMA or DFA scaling exponents H of 98 inter-donation duration series are estimated according to the power-law 
DFA , which are the slopes of solid lines shown in the log-log plot of Fig. 3 . We calculate the scaling exponents H for all 98 virtual worlds in Table III. In Table III, value H DFA = 0.672 ± 0.082, respectively. Since all the scaling exponents (H BDMA , H CDMA , H FDMA and H DFA ) are significantly greater than 0.5 for all 98 inter-donation duration series, we conclude that the inter-donation durations process long memory. This finding provides further evidence that the donation process is a non-Poisson process. We also found that
As shown in Fig. 3 , the BDMA and FDMA methods give excellent power-law scalings, whereas the CDMA and DFA methods give evidently worse results. Therefore, we argue that the BDMA and FDMA methods produce more convincing estimates. Besides, the probability distribution of inter-donation durations τ may affect its memory effect. In order to uncover the distribution impact, we first shuffle the inter-donation duration series of each virtual world for 100 times, then obtain the shuffled scaling exponents H and H DFA SFL for all 98 inter-donation durations series extremely approach to 0.5 which are obviously smaller than the original ones. So we make a conclusion that the probability distribution of durations τ does not affect the memory effect, and confirm that durations τ truly process significant long memory for all the 98 virtual worlds.
V. MULTIFRACTAL NATURE
We now turn to investigate the possible presence of nonlinear correlations in the inter-donation duration series through adopting the backward MFDMA method which presents a better performance [81] . The backward MFDMA method is an extension of the BDMA approach by generalizing the overall fluctuation function in Eq. (12) to the qth-order detrended fluctuation function as follow:
where q can take any real value except for q = 0. When q = 0, we have
according to L'Hôspital's rule. Varying the values of box size s, we can determine the power-law relation between the function F q (s) and the size scale s,
where h(q) is the backward MFDMA scaling exponent. When q = 2, h(2) is exactly the BDMA scaling exponent H BDMA .
In the standard multifractal formalism, the multifractal scaling exponent τ (q) can be used to characterize the multifractal nature, which reads
where D f is the fractal dimension of the geometric support of the multifractal measure [84] . For inter-donation duration series, we have D f = 1. Moreover, it easily obtain the local singularity exponent α(q) and the multifractal spectrum f (α) via the Legendre transform [76] 
Besides, the multifractal spectrum f (α) is directly related to the generalized dimension D q [74, 75, 89] . Plots (A-D) of Fig. 4 depict excellent power-law dependence of the fluctuation functions F q (s) with respect to the scale s for four inter-donation duration series. Fig. 4 (E) illustrates the nonlinearity of the scaling exponents τ (q), which suggests the multifractal nature of inter-donation durations. Correspondingly, the singularity strength functions α(q) and the generalized dimensions D q are presented in Fig. 4 (F) and Fig. 4 (G) , respectively. Additionally, Fig. 4 (H) shows the broad multifractal spectra f (α) as a function of the singularity strength α for the same inter-donation duration series in Fig. 4 (E) . It is well-documented that ∆α = α max − α min is an important parameter qualifying the width of multifractal spectrum. The larger the ∆α value, the stronger the multifractality. As an alternative, ∆D q is the range of generalized dimensions D q , which can also quantify multifractality of the inter-donation duration series. The values of ∆α and ∆D q for all the investigated duration series are listed in Table IV. Table IV reports that the TABLE IV. The width of the multifractal spectra ∆α of inter-donation duration series for 98 virtual worlds based on the backward MFDMA method. ∆αSFL is the average spectrum width of 100 shuffled inter-donation duration series and γ = ∆α − ∆αSFL. ∆Dq is the range of generalized dimensions Dq.
width of singularity spectrum ∆α fluctuates in the range [0.41, 0.66], which confirms that the inter-donation duration series process multifractality.
Following the same test procedure in Sec. IV, we study the impact of probability distribution of inter-donation durations for multifractality [36] . Likewise, we first shuffle the inter-donation duration series for 100 times and then calculate the average value of width of the multifractal spectrum ∆α SFL from 100 shuffled series based on the backward MFDMA method. Since the ∆α SFL reported in Table IV are obviously larger than zero, we conclude that the distribution of inter-donation durations reliably generates multifractal. In addition, Fig. 5 illustrates the dependence of the singularity width ∆α as a function of the exponent β for the 84 inter-donation duration series with a power-law tail. More specially, the singularity width ∆α presents an irregular evolution with the varying exponent β, which may be attributed to the relatively narrow range of the β values. Correspondingly, we define the residual of spectrum width γ through removing the shuffled width ∆α SFL from the original one ∆α, i.e., γ = ∆α − ∆α SFL , which provides further evidence that inter-donation durations process multifractal nature (Table IV) .
VI. CONCLUSION
Understanding the regular patterns in individual human interactions is essential in managing information spreading and in tracking social contagion. In this paper, we have investigated the scaling and memory of user donation behaviors based on a popular MMORPG. We presented the characteristic decay of the number of daily user donations for 98 independent virtual worlds inhabited in different servers. Furthermore, based on the MLE method and the KS statistic [36, 86] , we identified that there are 84 inter-donation duration series following power-law distributions in the tails with an average scaling exponent approaching 1.91.
We then conducted a study on the memory effect of inter-donation duration series by adopting DMA and DFA methods. The empirical investigations suggest that the inter-donation duration series of each virtual world processes strong long-range correlations with the scaling exponent significantly larger than 0.5, and the probability distribution of inter-donation durations has no impact on its memory effect. Finally, we explore the multifractal properties of inter-donation duration series via applying the backward MFDMA algorithm. We found that all the 98 inter-donation duration series exhibit evident multifractal nature and the distribution of inter-donation durations reveals some effect on the multifractality. Summarily, these findings provide essential evidences that the donation process of individuals in virtual worlds cannot be described by the Poisson process. Our study conducts a systemic investigation of the statistical properties of user donation behaviors (a proxy of direct and indirect reciprocity [3] ) in virtual worlds. To the best of our knowledge, similar analysis on donation behavior with such a large database has not been carried out. These empirical findings not only deepen our understanding of the cooperation process, but also can provide stylized facts for the calibration of agent-based models in the field of computational social sciences. It is also possible to construct dynamic models based on Hawkes Processes [90, 91] or Markov chains [92] by incorporating the non-Poisson behaviors. In addition, it is worth comparing the scaling and memory of charitable donation behaviors between real and virtual worlds.
